However, using this conventional approach, problems are often encountered with the non-uniqueness of the (Eching and Hopmans, 1993; Van Dam et al., 1994) . we chose a simulated multi-step outflow (MSO) experiment in which . Therefore, we developed a parameonly cumulative outflow is measured because of its well-known probter identification technique entitled PIMLI (Parameter lems with the uniqueness of the identified soil hydraulic properties.
M odels for environmental applications vary in regarding the non-uniqueness of the identified paramesophistication and complexity, ranging from simters for unsaturated flow (Hopmans and Š imů nek, ple data-oriented models to highly complex process-1999). oriented models. These models give an approximate
The use of inverse methods for determining the unsatdescription of the system under study and contain sevurated flow parameters from transient experiments was eral unknown quantities, such as parameters. Often, first reported by Zachmann (1981) . Kool et al. (1985a,b) these model parameters cannot be measured directly used this inverse modeling approach to determine soil but can only be obtained by inverse modeling. If these hydraulic properties from one-step outflow (OSO) exmodels are to be applied without calibration, then transperiments, but experienced problems with the nonfer functions must be found to link these model parameuniqueness of the parameter estimation. Further investiters to other properties that can be measured indepengations of the inverse method demonstrated the need dently (Schaap et al., 1998) . The uniqueness of a set of for additional (h) data (Hudson et al., 1991;  Van Dam calibrated parameters is a prerequisite to finding Bohne et al., 1993) or tensiometer measuretransfer functions.
ments inside the soil sample (Kool and Parker, 1988 ; The simplest form of parameter estimation is curve Toorman et al., 1992; Eching and Hopmans, 1993) to fitting in which measured data are represented by a overcome the problem of non-uniqueness of paramestatic function with parameters that provide the best ters. The benefit of including tensiometer measurements possible fit to the data (van Genuchten et al., 1991) . A is apparent, as the optimized soil water retention is more complex form of parameter estimation is inverse forced to match the observed (h) data. Another way modeling, where parameters are optimized while minto realize more reliable parameter estimates is to increimizing a suitable objective function that expresses the mentally increase the pneumatic pressure in several discrepancy between the output of a dynamic model steps, the MSO experiment, instead of a single pressure and the measurements (Janssen and Heuberger, 1995) .
increment (Van Dam et al., 1994) . First, we evaluated the uniqueness of the inverse problem for a sandy soil using two-dimensional response
Response Surface Analysis surfaces of the objective function. These response sur-
The commonly used objective function OF(b), which is faces were obtained by perturbing two selected soil hynormally minimized with the help of a classical parameter draulic parameters around their true values, while mainoptimization algorithm, is defined as taining the additional parameters constant at their true values (Toorman et al., 1992; Š imů nek et al., 1998) .
Then, we illustrated the PIMLI for the same sandy soil, a silty soil, and a clayey soil. Our study was carried where b is the array of parameter values ( s , r , ␣, n, K s , and out with numerically generated error-free data. These ), j represents the different sets of measurements (cumulative artificial measurements are preferred because the soil outflow, water content, and flux density), n j is the number of hydraulic parameters are then known beforehand measurements within a particular set, q* j (t i ) are measurements (Toorman et al., 1992; Š imů nek et al., 1998) .
of type j at time t i , q i (t i ,b ) are the corresponding model predictions using the parameters in b, and w j and w i,j are weighting
MATERIALS AND METHODS
factors associated with measurement type and individual measurements, respectively. Because all the measurements were Water Flow Theory generated with the numerical model, we assumed that the The soil water in forested ecosystems (SWIF) model is used errors associated with individual measurements of all types to simulate the MSO experiment. A full description is given were identical. Therefore, w i,j was set equal to 1 for all the by Tiktak and Bouten (1992) . Transient flow is simulated by measurements. Differences in weighting between measurenumerically solving the Richards equation (Eq. [1]) using the ment types, as caused by differences in magnitude and their mass-conservative scheme proposed by Celia et al. (1990) number n j , were normalized by dividing each data point by both the variance of the measurements of type j and the n j (Clausnitzer and Hopmans, 1995) 
where h denotes soil water pressure head (L), is the volumetric water content (L 3 L
Ϫ3
), t is time (T), x is the spatial coordinate (L) (positive upward), and K(h ) is the unsaturated hywhere j and n j denote the standard deviation and the number draulic conductivity (L T Ϫ1 ). Because the user can control the of j-type measurements, respectively. upper and lower boundary in SWIF, it is possible to apply a
We investigated the posedness of the conventional inverse zero flux upper boundary and suction at the lower boundary solution using two-dimensional response surfaces of the objective (Dirichlet condition), as required in the outflow experiment.
function. We approached this question in a way similar to that The soil hydraulic functions in SWIF are described by the done previously by Toorman et al. (1992) and Š imů nek et al. Mualem-van Genuchten (MVG) model (Mualem, 1976; 
four parameters constant at their true values. These response surfaces reveal the occurrence of local minima, the presence of a well-defined global minimum, the parameter sensitivity,
and parameter correlations. If response surfaces do not display a well-defined global minimum in the two-dimensional param-
eter planes, the conventional inverse parameter estimation technique may certainly be expected to be unsuccessful in a where (L 3 L Ϫ3 ) denotes water content, s is the saturated multidimensional plane. The response surfaces were calcuwater content (L 3 L Ϫ3 ), r is the residual water content (L 3 lated on a rectangular grid with parameter values correspond-L
ing with the sandy soil in Table 1 . Each parameter domain (m ϭ 1 Ϫ 1/n ), and are curve shape parameters. was discretized into 40 equidistant discrete points with domain of generated model outputs at every discrete time value. Thereafter, a reference run of measurements was simulated ranges as presented in Table 1 , resulting in 1600 grid points for each response surface.
with SWIF using hydraulic properties corresponding with the sandy soil ( Table 1) . The cumulative outflow, its first derivaBy limiting the number of parameters within a single response surface analysis, the behavior of the objective function tive (flux density), and the average water content of this reference run as deduced from the cumulative outflow and the in the different parameter planes can only suggest how the objective function might behave in the full parameter space.
water content at the end of the experiment are presented in Fig. 1A . For example, local minima of the objective function could exist, but not appear in the cross-sectional planes (Š imů nek Each single artificial measurement of the sandy soil was then used to select those individuals of the total Monte Carlo and van Genuchten, 1996) . Nevertheless, response surfaces are a suitable tool to obtain insight into the behavior of the population, which fit that particular measurement within its accuracy interval (Musters and Bouten, 2000) . Since all meaobjective function in the full parameter space.
surements are subjected to experimental errors, PIMLI includes this data error in the analysis. error of cumulative outflow, water content, and flux density, ␣, n, K s , and . The parameter sets were selected with a Latinrespectively; ⌬ ,end is the error in water content of the soil Hypercube sampling method (McKay et al., 1979) in which sample as caused by weighing at the end of the experiment, parameter ranges in Table 1 were used. We assumed no correr denotes the radius of the soil core, and ⌬t is the time interval lation between the different soil hydraulic parameters. The between two subsequent measurements, which was chosen as 0.05 d. The error of the outflow was determined from the outcome of the Monte Carlo analysis resulted in a population resolution and accuracy of pressure transducers that are used
RESULTS AND DISCUSSION
for automated monitoring of the outflow dynamics. We as- The time series of information content is then used to split planes, do not display a well-defined global minimum.
Response Surfaces
the total time series of measurements into disjunctive subsets, with only measurements of high information content for a Hence, it would depend on the sensitivity of the optispecific parameter. Hence, robust information for the least mizer and the parameter start values, and it is unlikely sensitive parameters will only appear if the most dominant to find a unique parameter set. The experimental work parameters are close to their true value. Therefore, we folby Eching and Hopmans (1993) and Eching et al. (1994) lowed an iterative procedure in which each iteration is used showed that these uniqueness problems could be mini- between begin ϭ 0.55 and end ϭ 0.25 is comparable with ␣. The cumulative outflow measurements during hydraulic equilibrium after the first pressure increment cumulative outflow between begin ϭ 0.35 and end ϭ 0.05). Simultaneous estimation of s and r on the basis of (1.0 Յ t Յ 1.5) are therefore used to constrain ␣ in the next iteration. When the uncertainty in the hydraulic cumulative outflow only is therefore impossible (Van Dam et al., 1992) . parameters s and ␣ diminishes, then the information for the parameter n appears at hydraulic equilibrium in Once the subset of s is identified (0 Յ t Յ 0.5) and the histogram of the accepted parameters in this set is the cumulative outflow at intermediate pressure steps in the next iteration (5.0 Յ t Յ 5.5). Although the error used for sampling in the next iteration, the information for the parameter ␣ at hydraulic equilibrium in the cuin water content is much larger than the error in outflow, the water content of the soil sample still provides reasonmulative outflow measurements at the beginning of the experiment becomes more apparent (Fig. 3A2) . Thus, able information for the parameter n. In Iteration 3, after constraining s , ␣, and n in the a pressure step that passes the air-entry value of the soil sample contains most information for the parameter sampling procedure, the information content for is highest immediately after pressure increments in the t ϭ 5.5 and t ϭ 5.75 are used to constrain the parameter in the next iteration. Once the parameter is adjusted low water content range of the soil sample. This makes sense because the factor S e in the hydraulic conductivity in the next iteration then the information of the residual water content ( r ) appears in the final cumulative outfunction, Eq. [3], is most dominant at lower water contents. Hence, the flux density measurements between flow at the end of the experiment (18 Յ t Յ 20). Hence, if the shoulder and transition part of the water retention Moreover, standard deviations of parameter ranges are reduced with at least 75% for r (silt) to 99% for n (Hollenbeck and Jensen, 1998) are constrained, then the final cumulative outflow of the soil sample provides (silt). Identification problems only occur for (silt) and various parameters of the clayey soil where the effective a reasonable estimate for the parameter r . If the error in water content would be reasonably lower than 0.021 saturation only decreased to 0.70 and therefore the range of measurements is not sufficient to select truly cm 3 cm Ϫ3 , the average water content of the soil sample can be used to further constrain r . Once the uncertainty disjunctive subsets of measurements. Parameters then remain too much correlated, as found with the response in the water retention of the soil sample and are reduced, the information for the saturated conductivity surfaces in Fig. 2d . The overestimation of r is then compensated by a slight overestimation of n. The rela-(K s ) appears in the flux density out of the soil sample (Fig. 3C6) after the third suction step (2.0 Յ t Յ 2.25).
tively large standard deviation of for the clayey soil and partly the silty soil is due to the fact that most In general, the information for the parameters and K s is not found in the entire time series of cumulative information for this parameter occurs at the dry end (see Fig. 3C4 ), also beyond the range of measurements outflow or water content, but only in the flux density measurements immediately after a suction increment.
of both soils. Finally, in Fig. 6 we show the water retention curve This is also demonstrated if we compare the response surfaces of Fig. 2e with the response surfaces that are of the clayey soil used in the reference run and the water retention as found with PIMLI after 20 iterations. calculated with the selected sets of measurements for and K s in the objective function (Fig. 4) . The mutual It is clear that both water retention curves are identical within the range of measurements of this MSO experidependency of the parameters K s and , as found in case of the entire time series, is reduced if we focus on ment [0.4 Յ log(Ϫh) Յ 2.7]. Divergence occurs only beyond the range of measurements. This inverse probdisjunctive subsets. The sensitivity of the OF(b) to strongly increases and the identifiability of therefore lem is therefore ill posed or nonidentifiable because more than a single parameter set leads to the same increases (Fig. 4B) . As a result of this the identifiability of K s also increases. Although not presented, the r -n model response within the range of measurements of this MSO experiment. This points at the major limitaand r -K s parameter planes yield identical results. Figure 5 presents the information content of the setion for parameter identification. Only unique parameter estimates can be obtained if the range of measurelected subsets of the various parameters as function of iteration number. It is clear that after each iteration, the information content for each parameter increases. This means that the parameter values converge. Moreover, for the parameters s , ␣, and n, 10 iterations of 1000 Monte Carlo simulations are sufficient to accurately identify these flow parameters, whereas for K s , , and r , more iterations still improve the results. Table 2 presents the original parameters of the reference run (sandy soil) and the mean and standard deviation of the hydraulic parameters after 20 iterations. We also included the results of PIMLI for a silty and clayey soil. From this table, it appears that PIMLI uniquely identifies the soil hydraulic parameters s , ␣, n, K s , and for a sandy and silty soil. The parameter values of the sandy and silty soil as used in the reference run lie within the 95% confidence interval as found with PIMLI. ments is sufficient to divide the entire data set into of the outflow experiment. The distinct difference in information content of the average water content and disjunctive subsets that each contain the most information for the different unknown parameters. So, with cumulative outflow for the saturated water content is due to the fact that the cumulative outflow only provides this MSO experiment, we showed that there is enough information in the cumulative outflow, flux density, and information about a difference in water content and not about absolute water content in the soil sample. water content to enable a unique parameter combination with PIMLI, if the range of measurements is Simultaneous estimation of the saturated and residual water content on the basis of cumulative outflow only large enough.
As PIMLI only uses a relatively small number of is therefore impossible (Van Dam et al., 1992) . The cumulative outflow at hydraulic equilibrium after the measurements with highest information content for a specific parameter, problems with the applicability of pressure step that passes the air-entry value of the soil sample contains the most information for the parameter the presented method might occur when using PIMLI on real laboratory or field data sets that are corrupted ␣. Later in the experiment, also during hydraulic equilibrium, the information for n is highest. Once the water with errors. Nevertheless, these problems can be solved by using an average of a number of measurements as a retention of the soil sample is more constrained, then the information for the parameters and K s appears in subset instead of all the single measurements. the flux density of the outflow of the soil sample. The cumulative outflow measurements at the end of the CONCLUSIONS experiment contain the most information for the residResponse surface analysis of a sandy soil showed that ual water content. The information content for K s and a conventional parameter optimization technique would is highest immediately after a pressure step in the experience problems with the simultaneous identificahigh and low water content range, respectively. PIMLI tion of s , r , ␣, n, K s , and on the basis of cumulative analysis also shows the limitations of experimental data outflow, water content, and flux density measured durof which the range of measurements is not large enough ing a multi-step outflow experiment. Therefore, we proto split the data set into truly disjunctive subsets. pose PIMLI, a Parameter Identification Method based Using the different localized subsets in an iterative on the Localization of Information, that uses the variaMonte Carlo simulation procedure, we showed, using tion in time of the model sensitivity for the various PIMLI, that there is enough information in the cumulaparameters to split the total set of measurements into tive outflow, water content and flux density to enable disjunctive subsets that each contain the most informaa unique set of soil hydraulic parameters ( s , r , ␣, n, tion on one of the model parameters.
K s , and ), if the range of measurements is sufficient. Results of PIMLI analysis showed that the average water content of the soil sample contains the most infor-
